In this paper we present a novel method for automated detection of Mycosphaerella melonis infected cucumber fruits. The two-step method consists of machine learning approach using: shape based features extracted from cucumber color images and light transmission spectra based features. The automated detection rate was compared to the manual detection rate of the human workers. Our automated method reached the 95% detection accuracy, which is comparable to the manual detection accuracy of 96%.
INTRODUCTION
Mycosphaerella melonis is one of the two main pathogens that cause two most destructive diseases to cucurbits crops, namely Fusarium wilt and gummy stem blight (Zhang, et al. 2005) . Because few effective, economical, and environmentally safe management options are available for these diseases, they are a yield-limiting factor in cucurbit family (cucumber, squash, melon, pumpkin, vegetable marrows, bitter melon and zucchini) plant production worldwide. A major reason for this is the inability to accurately detect the presence and identity of the two fungal pathogens, especially in plant tissues and soil. Under favourable climatic conditions, Mycosphaerella melonis can infect all parts, except roots, of the cucumber plant at all stages of plant development (Fig. 1) . Infection at fruit development often leads to internal fruit rot that may go unnoticed at harvest. This raises concern among growers because the inevitable post-harvest fruit decay at the grocer creates a poor image for the distributor (packing house) and grower. Additionally, the infected cucumbers are not saleable and could infect the healthy fruits. The disease is especially not easy to manage in the greenhouses due to the humid climate conditions (Olsen et al.) that are favourable for the disease development and spread and because there is a constant occurrence of fresh wounds from pruning and harvesting that serve as new infection sites. During sorting, the contaminated cucumbers are difficult to recognize, even by experienced personnel who is trained to separate these as good as possible ( Fig 2) . Due to manual sorting on Mycosphaerella melonis, the processing speed must be reduced. Therefore, automation of this process would be highly desirable. For these reasons, we focus on the detection of the Mycosphaerella melonis in the infected fruits after harvesting. Various studies have used different methods for the classification of plant diseases based on spectral data. For instance, Wu et al. (2008) used PCA-based back-propagation neural network (BPNN) model and PLS wavelength-based BPNN for detection of Botrytis cinerea-affected eggplant leaves under laboratory conditions. Prior to the visibility of symptoms the BPNN model predicted fungal infections with a maximum of 85% classification accuracy. Mahlein et. al. (2012) applied hyperspectral imaging to symptoms caused by different sugar beet diseases induced by different fungal pathogens in the laboratory. High detection accuracy was achieved when disease symptoms were externally visible. Silva et al. (2008) applied a neural network and principal component analysis to grayscale digital images to detect black sigatoka in banana plants (caused by the fungus Mycosphaerella fijiensis), however, the accuracy of the classification was not very high (51.67%). Pixia and Xiangdong (2013) used image processing and recognition technologies to study the disease of downy mildew, powdery mildew and anthracnose on cucumber leaves. The detection accuracy was very high: 96% for downy mildew and 100% for powdery mildew and anthracnose. However, the disease symptoms were visible externally and were clearly able to be identified by visual inspection. Mycosphaerella melonis shows no externally visible symptoms in infected cucumber fruits and therefore is a problem that is more difficult to solve by using conventional image processing techniques. To the best of our knowledge, an automated method on this topic has not been reported before.
The Mycosphaerella melonis infection always enters the fruit through the flower and therefore is always located at the tip of the cucumber fruit. The infection is externally invisible (Fig 2) . Manual workers, trained to sort out the infected fruits, rely on the combination of the fruits tip hardness differences and barely visible difference in fruits tip shape between healthy and infected fruits (the infected fruits have a pointier tip). This manual method of detecting the infected fruits is highly unreliable and slow.
In this paper we present a novel method for automated detection of Mycosphaerella melonis infested cucumber fruits which aims at achieving both high speed and a high accuracy. The visual differences between the healthy and infected cucumbers are analysed using cucumber shape features. Similarly, the internal tissue changes in the infected cucumbers, i.e. less water content that causes firmness and internal browning, are detected using light transmission spectra analysis.
The method consists of three steps. First, the colour image based extraction of cucumber shape features and a cucumber classification that utilizes these features is performed. Subsequently, cucumber classification using transmission light spectra intensities as features is done. Finally, a combination of the two classifications resulted in the final infested cucumbers detection.
The remainder of the paper is organized as follows: in the section 2 the methodology used is described, followed by the experimental set up description in section 3 that includes data collection process and datasets characteristics. Results are presented in section 4, followed by a discussion in section 5 and conclusions in section 6.
METHODOLOGY
The first step of the method is a sample based linear classification that utilizes shape descriptors extracted from a colour image of a cucumber. The second step is a sample based linear classification that uses transmission light spectra intensities as features. In the last step, a combination of the results of the two classifications is used as the final resulting classification result.
Shape based features
The automated shape analysis method starts with individual cucumber segmentation, based on the excessive green transformation (Fig 3) . The linear combination of the red, green and blue component of a RGB image:
Results in the excessive green image I EG . Here I G , I R and I B denotes the green, red and blue component of the colour image respectively. The excessive green image is thresholded using an automatic threshold using the hysteresis (Canny, 1983) in order to segment a cucumber. Once the cucumber is segmented, we analyse only the tip of the cucumber where the infection is located. The length of the cucumber tip is experimentally chosen to be 20% of the cucumber length. This part of the cucumber is pointier for the Mycosphaerella melonis infected fruits. Therefore, the pointiness is described by the cucumber width distribution.
First, the cucumber length is normalized to 1000 pixels, then the first 200 cucumber widths starting from the top are extracted and finally, each of the widths represented one feature for the machine learning method (Fig 4) . Widths are defined as distances between two cucumber borders along the lines orthogonal to the cucumber centreline. The centreline is determined by fitting an ellipse to the binary object (Haralick, et. al.) Fig. 4 Shape based classification method: cucumber widths extracted along the centreline (left) and the plot of a cucumber widths vs the distance from the cucumber tip (right). Each of the 200 widths represents a feature that is used by a linear classifier for the shape based cucumber classification.
Transmission spectra intensities features
There are many infected cucumber samples that do not have clearly and externally distinguishable visual difference compared to the healthy samples ( Fig 5) . In order to detect fruits' internal changes, we measure the light transmission spectra through the fruits using near infrared (NIR) spectrophotometer. The spectra are measured in three points near the cucumber tip ( Fig 6) . The raw spectra are normalized with respect to dark and white reference and with respect to intensity between 0 and 1. Signal sampling frequency was 1nm and the spectrometer integration time was 10ms. The signals are resampled to 51 wavelengths. The sampling frequency is determined using a small tuning set that contains 50 samples. In figure 7 averaged spectra of all healthy and infected cucumbers in our dataset are presented in green and blue respectively. There is an obvious difference in shape that indicates possible separation between the healthy and the infected cucumbers in the feature space of spectra intensities. The biggest difference is in the visible spectrum range from around 400nm -700nm.
The sampled spectral intensities are used as features for a machine learning algorithm. The performance of the classifier is tested using leave-one-out cross validation (Fig.  8) . Fig. 8 Block diagram of the light transmission spectra based classification part using leave-one-out cross validation.
Classification
The classification between healthy and infected samples is done using the features described in sections 2.1 and 2.2. The classification is performed in a two-step way. Firstly, the shape based classification is done using fisher linear classifier. Consequently, the spectral based classification is performed using the spectral features with the fisher linear classifier. Finally, the cucumbers that are classified as infected by both shape and spectral based classification are labelled as infected.
Fisher linear classifier is used since it performed the best out of several classifiers evaluated on a small tuning set containing 50 samples. The classifiers compared were: Parzen windows, k-means, support vector machines and Fisher classifier.
EXPERIMENTAL SET UP
The total of 200 cucumber samples used in our work were collected in two time points: in April 2014 140 cucumber and in May 2014 60 cucumbers. Among those, there were 87 and 15 infected cucumbers collected in April and May respectively. The colour imaging and the spectral measurements were done 2 days after the harvesting. Colour camera used was 3008x2000 pixels Nikon D70. The spectrometer used for the spectral measurements was an Ocean Optics S2000 fibre optic spectrometer with a spectral range of 340-1030 nm. Each cucumber was QR labelled and after the measurements were finished, each was cut open and the ground truth with respect to infection presence was determined.
Due to few errors that occurred during the signals measurement phase a few samples had to be excluded from the method development and evaluation. For the shape based classification method correctly imaged colour images of 191 cucumbers where used (Table 1) and for the spectra based classification correctly measured transmission signals of 193 cucumbers were used ( Table 2 ). The final classification algorithm that utilizes the combination of the shape and spectral measurements was evaluated on 184 samples (Table  3) .
RESULTS
Leave-one-out analysis was performed on the total amount of data collected and the results are presented in the Table 1 , Table 2 and Table 3 . The confusion matrices with true positive and true negative rate values in brackets are shown for the shape-based classification method (Table 1) , spectrabased classification method (Table 2 ) and for the combined approach (Table 3) . The final method confusion matrix (Table 3 ) translates into the following success rates: healthy cucumbers are detected with the 92% success, infected cucumbers are detected with the 98% success, while the overall accuracy rate was 95%.
The manual overall detection rate was 96%, where all the infected cucumbers were correctly classified and the 4% error was made when the healthy cucumbers were sorted out as infected and hence the false positive rate was 0%.
DISCUSSION
The accuracy of the method based only on the shape colour images features was improved by incorporating spectral features. This was expected given that the most prominent symptom of the Mycosphaerella melonis infection is the internal browning of the fruits. From the growers perspective, the priority is to have less false positives since cucumbers with an internal rot present can cause high financial losses for the grower if appear on the market. The combined shapespectral approach reduces the false positive rate from 7% (Table 1) and 13% (Table 2) to only 2% (Table 3 ). This is still worse than the manual score where the number of false positives is zero. However, the automated approach false positive rate is significantly reduced. To the best of our knowledge, this study is the first to evaluate the automated detection of Mycosphaerella melonis infected fruits.
The width distribution was based on the centreline of the fitting ellipse. This is not a suitable method for the small number of curved cucumbers in the dataset we used. In order to overcome this issue, we calculated the width distribution using distance transform (Danielsson, 1980) . However, the final classification accuracy decreased. This was possibly caused by the discrete nature of the distance transform approach causing the noisy and less smooth results. Usage of the improved shape descriptor would further increase the classification accuracy.
Additionally, humans rely on the cucumber tip hardness in order to sort out infected fruits. Therefore, a logical step towards the presented algorithm improvement would be to incorporate automated measurements of the cucumber tip firmness. Features measured by, for example acoustic durometer, can be used in the machine learning framework presented in this paper.
CONCLUSIONS
In this paper we presented automated method for detection of Mycosphaerella melonis infected cucumber fruits. The method is evaluated on a second day after cucumbers harvesting. The overall classification accuracy of the automated method is equal to 95% which is a high score and comparable to the manual classification accuracy of 96%. This is a very promising result with respect to the automated Mycosphaerella melonis sorting machine installation in the cucumber packaging production line.
